Highlights {#S0001}
==========

Given the increased interest in the use of patient preference information in healthcare decision-making, evidence gathered from patient preference studies should be high quality and relevant to regulatory and policymakers.Tradeoffs that patients are willing to make between treatment benefits and harms should be carefully considered in treatment decision-making.Avoiding long-term side effects is important to patients with lung cancer and long-term side effects should be considered in healthcare decision-making processes.Heterogeneity in patients' preferences indicates that differences in preferences for long-term and short-term side effects should be carefully considered in treatment decision-making.

Introduction {#S0002}
============

Lung cancer is one of the most commonly diagnosed cancers in the United States (US) representing 13% of all cancer diagnoses.[@CIT0001] It is estimated that more than 430,000 people in the United States are patients with lung cancer or survivors (people previously diagnosed with lung cancer currently with no evidence of disease).[@CIT0001] Lung cancer is the most common cancer-related cause of death in the US; despite improvements in lung cancer treatments, there is still only a 19% overall five-year survival rate.[@CIT0002] Only 16% of lung cancer cases are diagnosed at an early stage, where five-year survival is much higher, at 57%.[@CIT0003]

Recent developments in lung cancer treatment algorithms, including treatments targeting genetic alterations,[@CIT0004]--[@CIT0006] immunotherapy[@CIT0007],[@CIT0008] and combination therapies,[@CIT0009],[@CIT0010] are improving options for patients with lung cancer. In addition, early detection of lung cancer and the availability of more effective and targeted therapies may significantly improve the prognosis of future patients with lung cancer. With increased survival and length of cancer treatments, discussing long-term side effects and quality of life when making treatment decisions is of growing importance.

Interest is growing in quantifying patients' preferences for treatment for use in benefit-risk assessments and other treatment decision-making.[@CIT0011]--[@CIT0014] Much of this literature has focused on quantifying tradeoffs patients are willing to accept between treatment characteristics such as benefits and risks (maximum acceptable risk) or cost (willingness to pay).[@CIT0011] To fully explore preferences, the different tradeoffs that different patients are willing to accept also need to be explored. Traditionally, this was done by analyzing the preferences of different patient subgroups separately through stratification analysis. However, the limitations of stratification analyses are increasingly recognized[@CIT0015] and there has been an increased use of more complex analytical models including mixed (or random parameter) logit models or latent class models to explore preference heterogeneity.[@CIT0011],[@CIT0016]

Preferences surrounding long-term side effects vs survival are largely unexplored in lung cancer treatment decision-making. Prior preference studies have mostly focused on the preferences for survival benefits and short-term risks of treatment such as nausea, rash, or diarrhea.[@CIT0017] Most studies have not explicitly explored the tradeoffs patients are willing to make between benefits and risks or estimated existing preference heterogeneity.[@CIT0017] The studies that have explored these concepts have not combined them.[@CIT0018]

This study sought to demonstrate a method to evaluate the importance of different treatment attributes to patients with lung cancer and caregivers. A discrete-choice experiment (DCE) was used to explore the willingness of patients with lung cancer and caregivers to trade progression-free survival (PFS) with lung cancer treatment side effects. We sought to demonstrate how to estimate the time equivalents for long-term physical, emotional, cognitive, and functional side effects, to present heterogeneity in the tradeoffs that participants would make between treatment health effects and length of disease control. The methods and findings from this study may help researchers to develop and conduct preference studies and may help clinicians consider the intricacies of tradeoffs between treatment benefits and harms that patients are willing to make. We hypothesized that patients assign importance to long-term side effects and are willing to consider tradeoffs between survival benefits and long-term side effects, but that preference heterogeneity between patients exists.

Patients and Methods {#S0003}
====================

We conducted a DCE to estimate the treatment preferences of patients with lung cancer (any stage, type and treatment) and caregivers of patients with lung cancer (not grouped into dyads). DCEs are rooted in economic theory[@CIT0019] and are increasingly used to measure stakeholder preferences in health care.[@CIT0011],[@CIT0020],[@CIT0021] In each choice task, participants are presented with two or more treatment profiles and asked to select the profile they prefer. DCEs are a systematic method to quantify the relative preferences of participants for various treatment characteristics, or attributes, and the tradeoffs they are willing to make.

DCEs are increasingly used to inform health decisions and the US Food and Drug Administration (FDA) has released guidance on conducting studies to measure patient preference information.[@CIT0014] We report the study according to FDA's \"study quality indicators\" using italics to indicate specific indicators.[@CIT0014] We summarize these indicators and describe how we applied them, including our recommendations based on lessons learned in [Table 1](#T0001){ref-type="table"}. We discuss our methods in four sections: development of the choice tasks, experimental design, participants, and analysis.Table 1Application of Quality Indicators from FDA Patient Preference Information GuidanceDomainIndicatorDescriptionApplicationRecommendationPatient-focused**Patient Centeredness**Measure preferences of well-informed patients, care partners or healthcare professionals.Lung cancer patient advocates were involved in study conceptualization and survey development.A study is not patient centered simply by measuring patient preferences. Patients should have input on survey design.**Representativeness of the Sample and Generalizability**Measure preferences of a representative sample of adequate size so results can be generalized.The study made use of a convenience sample of patient advocacy organization constituents.Target population needs to be stated. Might not always be a national sample.**Relevance**Measure preferences over relevant domains. The relevance of outcomes should be communicated.Attributes were elicited through patient interviews and adapted from existing clinical outcomes.Choose outcomes and attribute based on clinical and patient relevance. Balance interests of different stakeholders.Choice task design**Comprehension by Study Participants**Study participants should fully understand the medical information communicated.PFS description was updated multiple times to ensure comprehension. Color coding was used to aid comprehension.Comprehension can be difficult to assess. Important to pre-test survey. Consider visual aids.**Minimal Cognitive Bias**Study design should minimize potential cognitive biases (ordering/framing effect).The choice scenario was were framed to prevent personal-experience bias and to standardize choice scenario.Study design adaptations are challenging in paper-based surveys. Standardize choice scenario across participants.**Communication of Benefit, Harm, Risk, and Uncertainty**Define the decision context, explain attributes/levels, and conceptualize probabilities/ uncertainty.All attributes were described in lay-language and iteratively refined.Important to pre-test attribute descriptions and communication of uncertainty.Data quality**Established Good Research Practices**Follow guidelines for good research practices established by a recognized professional organization.The ISPOR conjoint analysis taskforce checklist and other taskforce recommendations were followed.Consider all aspects of study design/conduct described in good research practices before study initiation.**Study Conduct**Compliance of research staff and study participants with the study protocol.Participants were shown example choice tasks with instructions. Study staff were available during survey administration.Most preference studies are self-administered, need to give clear written instructions to patients.**Logical Soundness**Include internal-validity tests of logic and consistency.Participants evaluated the choice tasks. No other tests of internal-validity were included.Plan how to measure study quality before survey administration begins. Balance response burden with additional choice tasks meant to test data quality.Analysis**Robustness of Analysis of Results**Analyses should ensure appropriate interpretation of the evidence including an exploration of uncertainty.Time equivalence was estimated in willingness to pay space to incorporate uncertainty around preferences for all attributes.Conduct analyses according to good research practices. MRS calculations need to account for uncertainty in denominator.**Capturing Heterogeneity of Patients' Preferences**Consider preferences heterogeneity. Heterogeneity may be population-, condition-, treatment-specific.A mixed logit model was estimated to examine unobserved preference heterogeneity.Consider different methods to estimate heterogeneity based on study objective, design, and sample size.[^1]

Development of the Choice Tasks {#S0003-S2001}
-------------------------------

The study was conducted in accordance with the \"good-research practices\" and followed the ISPOR task force guidance documents.[@CIT0022]--[@CIT0024] The study incorporated a \"patient-centered\" approach ([Table 1](#T0001){ref-type="table"}) by involving patients with lung cancer in the study conceptualization and survey development.[@CIT0025] Survey development included a combination of qualitative methods.[@CIT0026],[@CIT0027] Initial attributes and levels were identified from semi-structured interviews with members of a lung cancer patient action committee (PAC) as well as from previous patient preference studies in lung cancer.[@CIT0017] The initial selection of attributes and levels were incorporated into a pilot survey that was administered to 11 PAC members. Participants were given the chance to comment on the pilot survey. Pretesting interviews with four participants were conducted to explore \"comprehension\" of medical information provided, \"communication\" of attributes and levels, and whether the participants could adhere to \"study conduct\" by testing survey instructions.

To ensure \"relevance,\" final attributes were adapted from and described using existing patient-reported outcomes. Attributes were adapted from domains of the FACT-L[@CIT0028] and the quality of life model for cancer survivors.[@CIT0029] Levels and descriptions were adapted from existing criteria.[@CIT0030],[@CIT0031] Six attributes were selected: PFS, short-term side effect, functional long-term side effect (functioning at work and in social situations), physical long-term side effect (physical symptoms), cognitive long-term side effect (cognitive symptoms), and emotional long-term side effect (emotional symptoms). PFS could be presented at 6, 12, and 18 months. The short-term side effect attribute could be presented at severity levels of none, mild, and moderate. The long-term side effect attributes could be presented at severity levels of mild, moderate and severe. Levels of the short-term side effect and long-term side effect attributes were color coded to visually reflect their severity to increase \"comprehension\" of the risk levels ([Figure 1](#F0001){ref-type="fig"}).[@CIT0032] The descriptions of these severity levels were based, in part, on the Common Terminology Criteria for Adverse Events (CTCAE) to ensure \"relevance\" to clinical outcomes.[@CIT0031]

A sample DCE choice task is presented in [Figure 1](#F0001){ref-type="fig"}. Participants were presented with treatment outcomes for two hypothetical patients who were receiving treatment for lung cancer. The treatment outcomes were the six listed above for both patients, but the levels of these outcomes differed between the two hypothetical patients. Participants were then asked to select the person they thought was better off. This third-person scenario was used to \"minimize cognitive bias\" from the participant's own experience and to ensure that all participants were making choices considering the same disease stage.[@CIT0033]--[@CIT0035]Figure 1Sample DCE choice task.

From the six attributes at three levels, we could generate 729 separate profiles or more than 500,000 profile pairs. To narrow down the number of choice tasks that participants had to complete, we developed a D-efficient, main-effects experimental design using Ngene software (ChoiceMetrics).[@CIT0023] This design selected 13 paired comparison choice-tasks for participants to complete. The order of attributes or choice tasks was not randomized due to challenges related to the pen-and-paper nature of the survey so cognitive bias due to ordering side effects was not minimized. The preference section of the survey, including attribute definitions, can be found in the [[Appendix](http://www.dovepress.com/get_supplementary_file.php?f=235430.docx)]{.ul}.

Participants and Survey Administration {#S0003-S2002}
--------------------------------------

The target population of this survey was patients with lung cancer and their caregivers that were constituents of a US-based lung cancer patient advocacy organization. To ensure \"representativeness\" ([Table 2](#T0002){ref-type="table"}) of the study population, the survey was administered at a multi-day meeting organized by this lung cancer patient advocacy organization using a Research as an Event model.[@CIT0036] Meeting attendees were eligible to complete the survey if they had been diagnosed with lung cancer and/or were the caregiver for someone with lung cancer (any stage, type, and treatment). Caregivers provided responses on disease history for the patient for whom they provided care. Meeting attendees had to be 18 years or older and able to read the survey in English. Healthcare providers were not eligible to participate, unless they were also the caregiver of a patient with lung cancer in their personal life or had been diagnosed with lung cancer. Meeting attendees were given a pen-and-paper survey in their registration packets. This survey also included a link to an online platform where participants could take the survey online. To ensure appropriate \"study conduct,\" members of the study team were available at the meeting to answer any questions.Table 2Sample CharacteristicsTotal Sample (N = 114)Participant type -- N (%) Patient87 (76%) Caregiver24 (21%)Gender -- N (%) Female80 (70%)Age -- mean (SE)53.94 (1.16)Years since diagnosis -- mean (SE)4.43 (0.28)Lung cancer type Adenocarcinoma81 (71%) Other32 (28%)Current disease stage -- N (%) Stage I4 (4%) Stage II2 (2%) Stage III3 (3%) Stage IV53 (46%) No evidence of disease49 (43%)Treatment received -- N (%) Chemotherapy72 (63%) Radiation50 (44%) Targeted therapy59 (52%) Immunotherapy15 (13%) Surgery54 (47%)[^2]

In addition to the DCE, the survey asked the participants to evaluate the acceptability of the DCE choice tasks using three questions on a 5-point Likert scale ranging from strongly disagree to strongly agree. These acceptability measures were used to evaluate the \"logical soundness\" of the results. In accordance with previous publications, 75% of participants needed to answer "agree" or "strongly agree" for each acceptability question to be met.[@CIT0037] The survey also asked about demographic information and disease history. Participants were not compensated for completing the survey. The title page of the survey provided participants with study information. On this page, they were informed that continuing with the survey and submitting it to the study staff demonstrated implied consent. The Johns Hopkins School of Public Health institutional review board deemed the semi-structured interviews, pilot survey, and final survey to be exempt from human subjects review (IRB 6404; IRB 6948).

Analysis {#S0003-S2003}
--------

### Analytic Model {#S0003-S2003-S3001}

Stated-preference results are often based on a Random Utility model[@CIT0019] which has been extensively used to analyze individual choice data. In this model, a treatment is divided into different treatment characteristics. The utility $\documentclass[12pt]{minimal}
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\end{document}$ are often referred to as preference estimates, although it can be difficult to separate the preference estimates from variance-scale[@CIT0038].

The marginal rate of substitution is the rate at which someone can give up some amount of one good in exchange for another good and maintain the same level of utility. Time equivalents (TEs) represent the marginal rate of substitution between the time attribute and another treatment characteristic. They can be interpreted as the number of months that the participant would trade for the change in the other treatment characteristic. TEs are generally estimated by first estimating the utility model described above and then taking the ratio of the preference estimate of the non-time attribute to the preference estimate of the time attribute (this method is similar to how willingness-to-pay (WTP) is calculated).[@CIT0039],[@CIT0040] $$\documentclass[12pt]{minimal}
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$$T{E_n} = {w_n} = {{{\alpha _n}/{\mu _n}} \over {{\beta _n}/{\mu _n}}} = {{{\alpha _n}} \over {{\beta _n}}}$$
\end{document}$$

Calculating estimates of measurement error, such as confidence intervals (CIs) for ratios of random variables, can be challenging. Issues with ratios have been mostly examined within a cost-effectiveness and WTP framework,[@CIT0041],[@CIT0042] but the same principles apply when calculating TEs. Various methods, including the delta, Fieller, Krinsky-Robb, and bootstrap methods, to calculate CIs for ratios obtained from stated-preference methods have been examined.[@CIT0043]

The preference estimates needed to estimate TEs can be estimated through a variety of methods, but the mixed logit model, or random parameters logit model, provides a \"robust analysis\" and is becoming increasingly popular[@CIT0011],[@CIT0020],[@CIT0021] The mixed logit model captures \"preference heterogeneity\" across participants by assuming that the independent variables vary across individuals according to a continuous distribution.[@CIT0044] The model provides mean coefficients as well as a measure of the distribution around the mean coefficient in the form of a standard deviation (SD). A statistically significant SD might indicate that there is significant preference heterogeneity for that attribute.

However, the mixed logit model adds an additional level of complexity to estimating TEs as it estimates the distribution around the mean preference estimates. The TEs from a mixed logit model are therefore given by the ratio of two randomly distributed parameters; depending on the distributions of the numerator and denominator, the distribution of the TE estimates might be heavily skewed or might be undefined.[@CIT0045] Different approaches, such as assuming that the denominator coefficient (time) is a fixed variable, have been used to circumvent this problem, but these approaches are often suboptimal.[@CIT0045]

An approach to circumvent these problems is to estimate the Time Equivalents directly. In the WTP literature, this approach is generally referred to as estimating in WTP space.[@CIT0040],[@CIT0045],[@CIT0046] In this approach, the researcher can make an a-priori assumptions about the distributions of the TE estimates rather than about the preference estimates. Let us denote $\documentclass[12pt]{minimal}
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$${U_{nj}} = {c_n}{X_{nj}} + {\lambda _n}{T_{nj }} + {\varepsilon _{nj}}$$
\end{document}$$

Then, we can derive the TE through: $\documentclass[12pt]{minimal}
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$${{{c_n}} \over {{\lambda _n}}} = {{{{{\alpha _n}} \over {{\mu _n}}}} \over {{{{\beta _n}} \over {{\mu _n}}}}} = {{{\alpha _n}} \over {{\beta _n}}} = {w_n} = T{E_n} \left(4 \right)$$
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$${U_{nj}} = {\lambda _n}\left[{{w_{n }}{X_{nj}} + {T_{nj}}} \right] + {\varepsilon _{nj}}$$
\end{document}$$
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$${\lambda _n}$$
\end{document}$, the time coefficient, incorporates any differences in variance-scale across respondents, while $\documentclass[12pt]{minimal}
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$${w_n}$$
\end{document}$, the TE coefficients are variance-scale free. While the utility expressions in Equation (1) and (5) are equivalent, equation (5) allows us to specify distributions for the TEs ($\documentclass[12pt]{minimal}
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\end{document}$) directly, circumventing some of the issues discussed above.[@CIT0040],[@CIT0045],[@CIT0046]

### Empirical Estimation {#S0003-S2003-S3002}

We applied \"robust analyses: according to \"good research practices.\"[@CIT0024] Data were analyzed in Stata 13 (College Station, TX). Time equivalents were directly estimated using the mixlogitwtp command as described above. This command uses maximum-simulated likelihood to account for \"preference heterogeneity\" by assuming that the TEs vary across individuals according to a continuous distribution.[@CIT0044] In this study, the estimated TEs represent the number of additional months of PFS that participants deemed equivalent to a one-level change in the severity of a side effect (from none to mild, mild to moderate, or moderate to severe). The time equivalents can be interpreted as the additional number of months of PFS that a participant needs to be compensated with to be willing to accept a medication with a one-level higher severity of a side effect. It can also be interpreted as the number of months of PFS that participants would be willing to give up for a treatment with a one-level lower severity of a side effect.

The dependent variable in the model was a binary variable that indicated whether a treatment profile was chosen as preferred or not. Independent variables were the attributes presented in each profile. All independent variables were coded as continuous (for the side effect attributes, 0 = none, 1 = mild, 2 = moderate, 3 = severe). TEs were assumed to follow a log-normal distribution. The log-normal distributions around the mean TEs were used to calculate the probability that a given number of additional months of PFS would be enough to compensate for a one-level increase in the severity of a side effect.

These results were used to create acceptability curves that demonstrate unobserved preference heterogeneity between participants and to explore uncertainty. The acceptability curves demonstrate the probability that a participant would accept a treatment with a one-level increase (from none to mild, mild to moderate, or moderate to severe) in the severity of a side effect if it provided a certain TE of additional months of PFS. Alternatively, it can be interpreted as the proportion of participants that would accept a treatment with a one-level increase in severity for a certain additional TE of months of PFS.

Results {#S0004}
=======

Participants {#S0004-S2001}
------------

In total, 200 patients and 100 caregivers registered for the meeting of which 87 patients (response rate: 44%) and 24 caregivers (response rate: 24%) completed the survey, 3 participants did not answer whether they were patients or caregivers. All participants completed the survey with pen and paper, except for one participant who completed the survey online. Participant characteristics are summarized in [Table 2](#T0002){ref-type="table"}.

On average patients (either patient respondents or those that the caregivers cared for) had been diagnosed 4.4 years ago and 72% had been diagnosed with adenocarcinoma. Most patients were in Stage IV (47.3%) or had no evidence of disease (43.8%). More than 60% of patients had received chemotherapy and more than half had received targeted therapy.

Most participants (77%) strongly agreed or agreed that the DCE choice tasks were easy to understand, 54% strongly agreed that they were easy to answer, and 89% of participants strongly agreed they answered the questions consistent with their preferences, meeting the threshold for two out of three acceptability questions.[@CIT0037] Of 114 participants, 102 (89.4%) completed all choice tasks. No significant difference was identified between those who did and did not complete all choice tasks for all observed characteristics.

Time Equivalents {#S0004-S2002}
----------------

[Table 3](#T0003){ref-type="table"} presents the time equivalents (TE) estimated using the mixed logit model. On average, participants would trade the most PFS for a one-level reduction (going from severe to moderate, moderate to mild, or mild to none) in the severity of functional long-term effects; on average, they would accept a mean TE of 3.7 fewer month PFS (95% CI (CI): 3.3--4.1) if a treatment offered a one-level reduction in the severity of functional long-term effect (from severe to moderate, moderate to mild, or mild to none). Participants would trade the least PFS for a one-level change in the severity of emotional long-term effects (mean TE: 0.9 month PFS, CI: 0.4--1.4). Participants would trade 2.3 months (CI: 1.9--2.8) for a one-level change in the severity of physical long-term side effects, 2.3 months (CI: 1.8--2.8) for a one-level change in the severity of cognitive long-term side effects (mean TE: 2.3 months, CI: 1.8--2.8), and 1.8 months (CI: 1.4, 2.3) for a one-level change in the severity of short-term side effects.Table 3Time Equivalent EstimatesTime Equivalent (in Months)95% Confidence IntervalShort-term side effectsMean1.8(1.4,2.3)SD1.3(0.3,2.3)Functional long-term effectsMean3.7(3.3,4.1)SD8.8(3.7,13.8)Physical long-term effectsMean2.3(1.9,2.8)SD2.0(1.3,2.7)Cognitive long-term effectsMean2.3(1.8,2.8)SD1.5(0.6,2.5)Emotional long-term effectsMean0.9(0.4,1.4)SD0.8(0.4,1.3)

[Figure 2](#F0002){ref-type="fig"} presents an acceptability curve for the time equivalents (TEs) of the various long-term side effects. Functional long-term side effects showed the most preference heterogeneity, or variability in preferences (SD of the TE: 8.8); 90% of participants would accept a treatment with a one-level increase in functional long-term treatments effects for the TE of 8.4 additional months of PFS. Emotional long-term side effects showed the least preference heterogeneity (SD of the TE: 0.8); 90% of participants would accept treatment with a one-level increase in emotional long-term side effects for 1.7 months of PFS. In addition, 90% of participants would accept treatment with a one-level increase in physical long-term side effects for an additional 4.6 month of PFS, and an increase in cognitive long-term side effects for 4.0 months of PFS.Figure 2Time equivalent acceptability curve.

Discussion {#S0005}
==========

In this study, participants would accept treatments with fewer months of PFS for reductions in both short-term side effects and long-term side effects. Given the increased interest in the use of patient preference information in a healthcare decision-making setting,[@CIT0047],[@CIT0048] it is important that evidence gathered from patient preference studies is high quality and relevant.[@CIT0014] Studies, therefore, need to follow good research practices and present patient preference data in policy-relevant ways. By designing and reporting this study using the FDA study quality indicators, we ensured that important components of the stated-preference study design were considered and transparently reported.

We categorized the 11 study quality indicators into four categories: patient-focused, choice task design, data quality, and analysis. In terms of conducting a patient-focused study, our survey was developed in collaboration with patients and a patient-advocacy organization. In addition, it was important to clearly state the study's target population and to choose attributes that are both clinically relevant and important to patients. While considering choice task design, it was important to pre-test the survey to ensure comprehension of the attribute descriptions and descriptions of uncertainty, and how to complete the choice tasks. Because the survey was administered via pen-and-paper, the survey could not be customized based on different responses; it is, therefore, important to adapt the survey design to the mode of administration. To ensure data quality, we followed good research practices through the design, conduct, and analysis of the study. In addition, we included the DCE acceptability questions to be able to measure data quality but did not include additional choice tasks to limit the response burden. We also found that, because most preference surveys are self-administered, it is very important to ensure that all instructions are clearly written and easy to understand. Finally, we conducted all analyses according to good research practices which included accounting for uncertainty in the parameters and preference heterogeneity. While there are many different ways to conduct a patient preference study,[@CIT0049] it is important that quality indicators and good research practices are carefully considered in the study design and planning phase before the study is actually conducted.

By including various domains of long-term side effects, the study showed that study participants were able to distinguish between and have different preferences for the different types of long-term side effects. The results show that a general short-term side effects attribute was valued less than three out of the four long-term side effects. This might suggest that treatments with significant short-term side effects are more acceptable to patients than treatments with significant long-term side effects and that long-term side effects need to be carefully considered in treatment decisions.

We describe preference heterogeneity in a novel way by presenting acceptability curves with the percentage of participants that are willing to accept a treatment associated with a one-level more severe long-term side effect if it provides additional months of PFS. Given that preference heterogeneity is of increased interest in healthcare decision-making,[@CIT0013] effective and concise ways to model and present heterogeneity of tradeoffs are needed. Further avenues for presenting trade-offs and preference heterogeneity for non-stated-preference experts should be explored, especially as these results might become more important in healthcare decision-making processes ranging from regulatory to clinical decisions. Due to the relatively low sample size of this study, we were not able to formally conduct further heterogeneity analyses such as stratifying the sample to explore differences between patients and caregivers or to identify characteristics of clusters of participants with the similar preferences using latent class analysis. Further studies with larger sample sizes should be done to explore heterogeneity for lung cancer treatment preferences through stratification analyses and/or scale adjusted latent class analyses.[@CIT0050] 

Mühlbacher et al (2015)[@CIT0018] showed that participants would give up time without tumor progression (7.01 months) for an improvement in tumor-related symptoms. However, tumor-related symptoms were purposefully excluded from this study as Bridges et al (2012)[@CIT0033] showed that the severity of tumor-related symptoms is related to preferences for PFS; in that, study participants actually preferred less PFS when tumor-related symptoms were severe. The participants in this study would give up 3.66 months of PFS for a decrease from severe to mild short-term side effects. Participants in Mühlbacher et al's study would generally give up a similar number of months without tumor progression for a decrease from severe to mild for particular types of short-term side effects (between 2.72 months for a decrease in tiredness/fatigue and 3.90 months for a decrease in nausea and vomiting). However, since this study included a composite short-term side effect and long-term side effect attributes these results are difficult to compare.

Like previous preference studies in lung cancer,[@CIT0017] this study used the surrogate endpoint of PFS to represent treatment effectiveness. Using overall survival (OS) as an attribute in the DCE may lead to dominating preferences; participants will only focus on OS and will not pay attention to the other attributes included. Therefore, PFS, which is also often used as an endpoint in clinical trials, was chosen as a benefit attribute. How to best explain PFS to patients requires further exploration,[@CIT0051] but in our survey development process, the definition of PFS was tested with lung cancer patients and was found to be acceptable.

This study has several limitations. First, it made use of a relatively small, convenience sample of people with lung cancer and their caregivers that attended a national meeting for patients with lung cancer. Participants were actively engaged with a patient advocacy organization, and at least healthy enough to travel to the meeting. We did not sample sicker individuals or caregivers of people that had passed away. Furthermore, participants had been diagnosed a relatively long time ago (on average 4.4 years ago). Participants were therefore likely to be healthier and more engaged and have different treatment and disease experiences than the average patient. However, by administering the survey at this national meeting, we took advantage of a dense concentration of a hard-to-reach patient population. Second, the study sample was composed of a clinically heterogeneous group of patients with lung cancer with potentially very different preferences. Participant had been diagnosed with different types of lung cancer, were at different disease stages, and had undergone different treatments. Caregivers were also included in the sample contributing to further heterogeneity. Third, the study departed from the FACT-L[@CIT0028] and the quality of life model for cancer survivors[@CIT0029] by including cognitive side effects and the omitting social and spiritual domains. Cognitive side effects were added based on reports from patients with lung cancer during instrument development about "chemo brain" or clear thinking. The social and spiritual domains were omitted because it would have been difficult to attribute these to cancer treatment. Fourth, treating the short-term side effect and long-term side-effects attributes as continuous resulted in a parsimonious model. However, because of this specification, we did not explore whether patients assigned different time equivalence estimates to a change from a severe to a moderate side effect or a change from a moderate to a mild side effect. Rather, the model assumed that patients assigned the same importance to both changes. Fifth, this survey only met two out of three acceptability measures using the 75% threshold.[@CIT0037] Less than 75% of participants agreed or strongly agreed that the choice tasks were easy to answer, which is also lower than other studies that have used this scale.[@CIT0037],[@CIT0052]

Conclusion {#S0006}
==========

In this study of patients with lung cancer and caregivers' preferences, we estimated disease progression-free time equivalents patients would trade for experiencing higher severity of long-term treatment side effects. Longest time equivalents were calculated for long-term functional side effects, followed by long-term physical side effects, and shortest for long-term emotional side effects. Calculating time equivalents for reductions in treatment harms might provide a valuable approach to evaluate current and future lung cancer treatments by determining the acceptability of the side effects with regards to survival gains for patients. The findings in this study can serve to inform further studies that examine patients' preferences and willingness to trade between the survival benefits of cancer treatment and short-term side effects and different types of long-term side effects.
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[^1]: **Abbreviations:** FDA, United States Food and Drug Administration; PFS, progression free survival; ISPOR, International Society for Pharmacoeconomics and Outcomes Research; TE, time equivalence; MRS, marginal rates of substitution.

[^2]: **Note:** Caregivers reported characteristics of the patients they cared for, these are the characteristics in the table.
